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ABSTRACT

Visualization of the combinatorial library chemical space provides a comprehensive overview of available compound classes,

their diversity, and physicochemical property distribution - key factors in drug discovery. Typically, this visualization requires

time- and resource-consuming compound enumeration, standardization, descriptor calculation, and dimensionality reduction.
In this study, we present the Combinatorial Library Neural Network (CoLiNN) designed to predict the projection of
compounds on a 2D chemical space map using only their building blocks and reaction information, thus eliminating the need
for compound enumeration. Trained on 2.5 K virtual DNA-Encoded Libraries (DELs), CoLiNN demonstrated high predictive
performance, accurately predicting the compound position on Generative Topographic Maps (GTMs). GTMs predicted by
CoLiNN were found very similar to the maps built for enumerated structures. In the library comparison task, we compared
the GTMs of DELs and the ChEMBL database. The similarity-based DELs/ChEMBL rankings obtained with “true” and
CoLiNN predicted GTMs were consistent. Therefore, CoLiNN has the potential to become the go-to tool for combinatorial
compound library design - it can explore the library design space more efficiently by skipping the compound enumeration.

1 | Introduction

Combinatorial chemistry allows to produce a vast number of
structurally diverse molecules by simple and repetitive steps of
covalent building block (BB) linkage. The expansion of
combinatorial compound collections has allowed scientists to
explore chemical spaces comprising billions of molecules.
Thus, chemical suppliers such as OTAVA, WuXi LabNetwork,
and Enamine offered collections exceeding 50 billion make-on-
demand molecules, whereas proprietary chemical spaces of
pharmaceutical companies have developed much larger collec-
tions of virtual molecules. GlaxoSmithKline’s GSK XXL space
stands as the largest compound collection to date, containing
approximately 10° entries [1, 2].

An interesting example of combinatorial collection are DNA-
Encoded Libraries (DEL) containing molecules synthesized

from building blocks covalently attached to DNA tags [3-15].
DNA encoding allows to screen all compounds in a DEL
simultaneously in a mixture against a biological target of
interest, thus allowing to explore large regions of the chemical
space all at once [16]. According to estimations of Goodnow
[15], the upper bound of DEL is about 10" compounds.
Theoretical analysis of virtual combinatorial libraries before
their actual synthesis and testing allows to identify potentially
hit-enriched compound libraries before any experimental
procedures are undertaken and, in such a way, significantly
reduce the human and material costs [16].

Various methods, such as QSAR modelling [17], docking [17],
and dimensionality reduction [18-20], can be used to analyze
combinatorial libraries. However, despite their utility, these
methods require an enumeration of compounds structure.
When dealing with larger libraries or several large-sized
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collections, enumeration no longer seems feasible due to the
immense processing resources required and ‘big data’ storage
issues [15].

The analysis of vast combinatorial libraries without enumera-
tion was first addressed in the works of Rarey et al. [21-25].
The authors exploited the fact that combinatorial libraries (CL)
are composed of different building blocks combined according
to specific reaction rules to efficiently analyze, search, and
compare even non-enumerable combinatorial spaces. The main
principle of these methods is to represent each molecular
fragment by fingerprint representations that capture their
chemical and topological features or encode a compound as a
tree of its fragment features describing the ability of forming
interactions. For example, the Ftrees [21] methodology enables
fast query-based similarity searches in CL spaces based on
feature trees. Tools like SpaceProp [25] and SpaceCompare [24]
extend this approach: SpaceProp calculates property distribu-
tions without full enumeration, while SpaceCompare facilitates
the comparison of different combinatorial chemical spaces
using fragment fingerprint representations. Nevertheless, the
visualization of the chemical space using dimensionality
reduction methods is unattainable without first enumerating
the compounds.

The first method for visualization of the chemical space
without the need for compound enumeration was described in
the work of Agrafiotis and Lobanov [26]. They developed a
three-layer fully connected Multi-Layer Perceptron (MLP)
trained to predict multidimensional scaling projections on a 2D
map of combinatorial products using as input descriptors of
their respective building blocks. This approach was tested on a
two-building block combinatorial library based on reductive
amination reaction with 90 K compounds. However, their
method did not consider the reactions used to create the
library. This shortcoming complicates the analysis of combina-
torial libraries with multiple reaction types, requiring multiple
reaction-specific models instead of a single unified model.

Here, we propose a Combinatorial Library Neural Network
(CoLiNN) which, given the building blocks and reactions of the
combinatorial library, predicts the projection of a product on a
2-dimensional latent space without compound enumeration.
Unlike previously reported MLP model [26], CoLiNN creates
both building blocks and reactions embeddings followed by
assessment of compound projections using the softmax activa-
tion function.

As a dimensionality reduction method, we chose the Gener-
ative Topographic Mapping [27-33] (GTM), successfully used
for the analysis of large chemical collections [27-33]. Unlike
other popular methods like PCA, UMAP or t-SNE presenting a
compound projection by two coordinates (X and Y), GTM
provides a fuzzy projection characterized by a so-called
“responsibility” vector rendering the association degree of the
projected items to each of the nodes of a rectangular grid
defining the map. This responsibility vector, which can be
visualized as a density “blob” on the map, can be cumulated to
describe coverage of chemical space by a library, and herewith
enable a direct high-level library comparison approach [16, 17].
Fast prediction of these cumulated responsibility patterns of

combinatorial libraries is paramount to establishing a proce-
dure for library design powered by chemical space overlap
considerations (find the best building block in order to achieve
coverage of a defined “patch” of chemical space on the map). If
CoLiNN is able to predict a responsibility vector (here, of 1681
dimensions), it can easily be rebuilt to output the classical
(X,Y) latent coordinates of most dimensionality reduction
methods [34-37]. This was not attempted here, because fuzzy
responsibilities are already the tool of choice for chemical space
overlap analysis.

Below we describe the CoLiNN architecture and related
predictive models trained on several DNA-Encoded Libraries.
Obtained results demonstrate efficiency of the developed tool
to visualize (ultra)large combinatorial libraries using informa-
tion about building blocks and chemical reactions, and
avoiding structure enumeration step.

2 | Data
2.1 | DELs

In this work, we used DELs containing from 1M to 7B
compounds designed and enumerated in our previous study
[18]. They resulted from combinatorial synthesis involving 2-
or 3-BB libraries and 2 or 3 reaction steps. The standardization
of enumerated molecules was done using the same procedure
described below for BBs.

Two CoLiNN models were developed:

1. A local (library-specific) model trained on a small subset
of compounds from one 80 M-sized DEL

2. A general chemistry-sensitive model trained on subsets
from 388 DELs

2.2 | Building Blocks (BBs)

The set of commercially available BBs from eMolecules Inc.
[13]. and Enamine [39] used for DEL enumeration in our
previous study [18] was taken as input to the CoLiNN model.
BBs were standardized using ChemAxon Standardizer accord-
ing to the procedure implemented on the Virtual Screening
Web Server of the Laboratory of Chemoinformatics at the
University of Strasbourg. This process includes dearomatization
and final aromatization (heterocycles like pyridone are not
aromatized), dealkalization, conversion to canonical SMILES,
removal of salts and mixtures, neutralization of all species,
except nitrogen(IV), generation of the major tautomer accord-
ing to ChemAxon. After standardization and duplicate removal
70691 unique BBs were obtained. For each of them, a unique
identifier starting from 0 was given. For training of the global
CoLiNN model, only 388 DELs with unique reaction schemes
were used that employ 64869 BBs for their enumeration from
the total BB set.
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2.3 | DEL for Local CoLiNN Model

The local CoLiNN model was trained on compounds from
DEL2568. It is a 3-BB DEL based on three reactions: aldehyde
reductive amination, Migita thioether synthesis, and guanidi-
nylation of amines. This DEL was fully enumerated by
eDesigner and after removing duplicates had a size of 81 M
compounds. For training, a random subset of 1 M compounds
was used. Four CoLiNN models were trained on four training
sets to select the minimum required training set size: 1) 1 M
set, 2) 50 K random compounds taken from 1M, 3)25K
random compounds taken from 1M, 4) 10K random com-
pounds taken from 1 M. The remaining 80 M compounds from
this DEL (excluding the 1 M representative set) were used for
testing.

2.4 | DELs for Global CoLiNN Model

For global CoLiNN training, we identified how many DELs are
needed to get a diverse training set out of the space of 2473
DELSs we generated originally. For this, all DELs were clustered
according to their reaction schemes. Here reaction scheme
stands for a particular sequence of two or three reactions in a
defined order used for DEL enumeration. This resulted in 388
different clusters, i.e., unique reaction schemes not accounting
for deprotection reactions. See the bar plot showing the
number of DELs per reaction scheme in Figures S1 and S2 of
the Supporting Information. Per each reaction scheme, one
DEL was taken for training CoLiNN. Only 10 K compounds
from each of these DELs were taken for training, giving rise to
a 3 880 000 training set compounds.

2.5 | ChEMBL

ChEMBL database version 28 was taken here as a reference
dataset to be used for comparison to DELs. ChEMBL28 was
filtered according to the rules of DEL-likeness introduced in
our previous work [19]. Standardization of ChEMBL molecules
was done in the same way as for BBs described above. After
duplicate removal, the size of the filtered ChEMBL was
1605370 compounds.

2.6 | Reactions

Reaction information was input for CoLiNN training. They
were taken from the Supporting Information document of the
eDesigner [40] enumeration tool. It contains numerical codes
and names of reactions as encoded in eDesigner. In this study,
we assigned each reaction a unique index ranging from 1-29 to
be used for CoLiNN training. The reaction names and the
correspondence between eDesigner numerical codes and in-
dices used herein are given in Table S1 of the SI.

3 | Methods
3.1 | Generative Topographic Mapping (GTM)

Generative Topographic Mapping [29] (GTM) is an unsuper-
vised method for dimensionality reduction based on manifold
learning. The GTM algorithm consists in optimizing the
manifold shape to fit the data represented in the multidimen-
sional descriptor space. The optimization is done by tuning
manifold hyperparameters, such as its flexibility and smooth-
ness (determined by the number of Radial Basis Functions
(RBFs) usually radially symmetric Gaussians, RBF width factor
o, and the spacing of RBFs), map size, and regularization
coefficient. When the optimal form of the manifold is found,
data points are projected to it with node-specific probabilities
called responsibilities (r; — the responsibility of the molecule i
to be projected to the node k). In such a way, a data point
(molecule) can be projected to multiple nodes at the same time
meaning it is associated with several chemotypes [33,41].
Finally, a manifold is flattened back to its planar form giving
an interpretable 2D map with projected on it input dataset
compounds.

When multiple molecules of the chemical library are projected
onto the GTM, a cumulative responsibility for each node k, see
Equation (1) can be calculated, which is roughly equal to the
number of compounds residing there. The cumulative respon-
sibility values per node can be rendered using a colour code
allowing to visualize the quantitative distribution of com-
pounds across the chemical space giving rise to a density
landscape. In this work, density landscapes are used to visual-
ize the chemical space of the analysed DELs.

Ck = EN: Tik (€))

Tk is the responsibility value of the molecule i in the
node k

However, to capture library size-independent chemical space
coverage, ¢, should be normalized by the library size N,
resulting in ¢ = (¢, ..., $;) vector to represent the entire
chemical library, see Equation 2.

b= o @

Here, ¢ is calculated either from the predicted or GTM-derived
responsibility vectors. To compare the GTM-derived ¢ and
¢' predicted by CoLiNN of the same library a Tanimoto
similarity coefficient (Tc) can be calculated, see Equation (3).
Its value indicates how much the predicted and the “true”
GTM-derived maps are similar to each other.

AN Zlk(¢k'¢/k
AR > a0y oy FRr

K total number of nodes on the map
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3.2 | Combinatorial Library Neural Network
(CoLiNN)
3.21 | Inputs

A product molecule (DEL compound) was represented as a
sequence of reactions and BB identifiers as shown in Figure 1.

In this work, the BB was represented as an undirected
hydrogen-labelled graph [42] (HLG) where edge type or bond
order (single, double, triple, aromatic) is taken into account
using the number of hydrogens each atom is connected to. In
more detail, the HLG feature vector is defined by atomic
number, period, group, number of electrons plus atom’s charge,
shell, an indication of whether an atom is in a ring, number of
neighboring atoms, and the total number of hydrogens
connected to each atom. The latter allows to account for bond
order directly in the feature vector avoiding the use of
relational GCN where each layer has r weight matrices, where
r is the number of unique bond types. Instead, in our GCN,
only one weight matrix per layer is used owing to the
additional value in the feature vector. The features described
herein were calculated using the EPAM Indigo toolkit [43] and
graphs were created using PyTorch Geometric [44].

3.2.2 | Outputs

The target value used for training CoLiNN is a responsibility
vector of the compound derived from the GTM as shown in
Figure 1. The responsibility vector is composed of r; values
that represent probabilities of a compound to be projected on
to the map. It describes which nodes (k) of the map a molecule
(i) is projected to and thus can be called a projection vector as
well. The responsibility vectors used herein for DELs were all
derived from the universal GTM that was trained on ChEMBL

database [45] frame set and was used to visualize the space of
DELSs in our previous works [18-20].

3.3 | Architecture

CoLiNN is a Graph Convolutional Network that performs two
tasks during training: (1) it creates and saves embeddings for
Building Blocks (BBs), and (2) it creates and trains on molecule
embeddings that are assembled from BB and reaction embed-
ding vectors to be able to predict responsibility vectors of
compounds (see Figure2 and Figure 3). The steps of this
architecture are as follows:

1. Embedding Calculation for Building Blocks (BBs): Each
BB is assigned a unique ID, and its embedding vector is
calculated as shown in Figure 2. First, atom feature
vectors are linearly transformed into initial embedding
vectors of dimension D. Then the latter as well as the
adjacency matrix are passed through five Graph Con-
volution Network (GCN) layers. The mathematical trans-
formation occurring in each GCN layer is described in
Equation (4). The obtained atom embedding vectors in
this way are then summed up to get a BB embedding
vector and saved in a file.

2. Molecule representation: The molecule is represented by
a sequence of reaction and BB indices. Then, saved BB
embeddings are associated with corresponding indices.
Reaction embedding vectors are obtained by converting
the reaction indices into numerical vectors of dimen-
sion D.

3. Application of masks: A mask is applied to the BB
embeddings to zero out those generated for padding BBs.
For instance, in a 2-BB compound, the embedding for the
third “padding” BB is zeroed out.

BBID BBs Reactions Reaction ID
DEL Compound 5
Q 7 / 7 / Reaction BB
Carbox. acid + amine condensation 8 IDs IDs
0 o) o
Q }—C}NH@J{ — 4 ?D‘”“? ] . 8:14:8 5:4:0
NH NH, 7 /
. Ullmann-type N-aryl coupling 14 Molecule
0 B’@—/(O 1 representation
H . .
Carbox. acid + amine condensation 8 (CoLiNN input)
Projection
y
- 25000 ' N
Responsibility vector
- \:::—*IIIIIIWI_I_I
GTM

FIGURE 1 | Creation of the product molecule representation that is used as input for CoLiNN.
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N — Number of atoms (nodes)
D — Vector dimension
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> 8 > 0D > Y | — 51T
Q ——
. -
N xD
X5
6 X 6

Adjacency matrix

What happens in the GCN Layer for one node:

Message passing Application
— Update — ofact.func.
= O O
w
O 7 o xXW GELU
O oo D
oo

FIGURE 2 | Calculation of building block (BB) embedding vectors.

(2777772
BB
embeddings

Association of BB Masking

Molecule embeddings . S SN
— | — X[ —> 7

e 1

NH L

Q : o S
>—| }-—NH N NN X
O— NH 3%B x D S 3%B x D Concatenation

Reactionids BB ids
14;8_5;4,;,0 —

8:1
2%3%B x D
_— ;1
Reaction ~ *— " ﬁ —
embedding creation =~
Molecule
B x D embedding
Loss function Predicted ﬂ
calculation  responsibility vector
[TITITEE < Softnax _
Kullback-Leibler Bx 1681 )
i = < . x = xWT+b
divergence = 0.7 Target responsibility
vector
i I Y I
B — Batch size

N — Number of atoms (nodes)
D — Vector dimension

FIGURE 3 | Scheme explaining the training process of CoLiNN. Here, for simplicity, every step is shown for the batch size of one molecule.

dings. They are concatenated to integrate information

4. Assembly of the full molecule vector: The full molecule
about both molecular composition and reactions used to

vector is created by combining BB and reaction embed-
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enumerate the compound. They are then summed up to
form a vector representing the molecule.

5. Responsibility vector prediction: The molecule vector is
linearly transformed and a softmax activation function is
applied to give an output 1681-dimensional responsibility
vector, which represents the compound projection on the
GTM of size 41 X 41 nodes.

6. Loss function calculation: Kullback-Leibler divergence is
calculated between the responsibility vector predicted by
CoLiNN and the actual enumerated product projection;
see Equation (5).

By following these steps, CoLiNN effectively encodes the
complex structure and reaction information of molecules into a
form suitable for responsibility prediction tasks without
compound enumeration.

CoLiNN is coupled with 5 Graph Convolution Network layers
where GELU [46] (Gaussian Linear Unit) is used as an
activation function. Instead of ReLU used in the original
implementation of GCN by Kipf and Welling [47] the GELU
activation was chosen as it is smoother than ReLU and is
differentiable at every point [48]. This helps to have an
improved gradient flow during backpropagation [48, 49] and to
reduce the number of dead neurons [48]. Mathematically, GCN
operation can be described by the following equation:

H = G(D’%(A + I)D*ile‘) )

A e R™" adjacency matrix,

A 1, if there is an edge between nodes i and j
0, otherwise

Ie€ R identity matrix

De R™™ diagonal degree matrix of A

H'e¢ R™ per-node feature vectors or node embed-
dings from the previous layer

w'e R weight matrix for layer 1

o non-linear activation function, here Gaus-
sian Error Linear Unit (GELU)

n the number of nodes

d the number of node features

3.4 | Loss Function

The responsibility vector predicted by CoLiNN was compared
to the one obtained using the GTM algorithm using Kullback-
Leibler divergence, see Equation (5). The latter measures how
the inferred probability distribution diverges from the expected
probability distribution.

K
. ik
KL div (R; | R);) = ry - ln— 5
(R | R =3 ryIn ©

R; = (1, Ty, ooy Fi) true responsibility vector of the

molecule i

R = (r'y, ¥y, ... predicted responsibility vector of

the molecule i

7r/ik)

4 | Results and Discussion
4.1 | Local CoLiNN Model

The local CoLiNN model is specific to DEL2568. To select the
minimum required training set size, four CoLiNN models were
trained and tested using four subsets of sizes 10 K, 25K, 50 K
and 1 M DEL2568. This 1 M set was in all cases excluded from
testing, performed over the remaining 80 M compounds from
the full DEL. The training and validation KL div loss values for
all local models are given in Table S2 in SI.

In Figure 4, the reference density landscape of the 80 M DEL
generated using the GTM algorithm and those predicted by
CoLiNN are shown. As the training set size increases from
10K to 1M, the similarity to the reference GTM-produced
landscape also increases. However, if instead of comparing the
maps visually, we look at the Tanimoto similarity coefficient
between the GTM-generated maps and predicted maps Tc(@,)¢’
in Figure 5, a plateau of Tc is observed at 25K already. This
means that the minimum size required to train a robust model
is 25 K compounds. This CoLiNN model is able to predict the
characteristic GTM projection pattern of the 80 M-sized library
in 2hours instead of the 13 days taken by the standard
procedure: eDesigner [40] enumeration, standardization, ISIDA
fragment descriptor calculation, projection of compounds on
the GTM.

4.2 | Global CoLiNN Model

The global model was trained on 10 K samples from 388 DELSs
employing unique reaction schemes (see Table S1 in SI). 50
epochs were sufficient to achieve convergence, which corre-
sponds to a training duration of CoLiNN of about 13h.
Training and validation KL div loss values for different epochs
are reported in Table 1.

The trained global CoLiNN was tested both on all compounds
from 388 DELs not used for training (990 K compounds per
DEL) and all the other 2089 DELs that did not participate in
training at all. Albeit they did not serve for training, these latter
share building blocks and reaction schemes with the 388
training DELs. Figure 6 shows the distribution of Tanimoto
similarity values between the “true” and predicted ¢ vectors for
all DELs. In the vast majority of cases, predictions are accurate

TABLE 1 | Values of the loss (KL divergence) at the beginning,
halfway, and end of training CoLiNN on 388 DELs.

Train loss Validation loss
Epoch 1 4.66 2.49
Epoch 50 0.78 0.79
Epoch 100 0.73 0.77
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1e6

CoLiNN 10K CoLiNN 25K CoLiNN 50K CoLiNN 1M
| & | - L - L.
Tc: 0.874 0.961 0.963 0.992

Similarity to the reference map increases

FIGURE 4 |
by CoLiNN trained on 10 K, 25 K, 50 K, and 1 M compounds.

Density landscapes of DEL2568 containing 80 M compounds, from left to right: landscape generated by GTM algorithm, predicted

1.00 A

0.98 A

0.96 -

Tc

0.94 4

0.92 A

0.90 1

0.88 0.

0.992

Training set size

FIGURE 5 |

(for almost all train set and for 1600 of test set DELs ~80% of
all DELs) but a few notable failures occur. Examples of badly
and perfectly predicted DEL maps (both from the test set) are
given at the bottom of Figure 6. CoLiNN almost perfectly
predicted the responsibility vectors for all compounds from
3BB DEL1953 with Tc(¢,¢" being 0.99. This is a 3BB library
based on Schotten-Baumann coupling between amines and
sulfonyl chlorides, 1,2,3-triazole synthesis and aldehyde reduc-
tive amination. For the DEL117 the predicted map is signifi-
cantly dissimilar from the true one as reflected by the low Tc(
¢,¢') of 0.07 - a few density peaks are in the wrong places on
the landscape. It is a 2BB library based purely on reductive
aminations. The badly predicted DELs with the lowest Tc, were

Line plot showing the Tc(¢,)¢’ for different CoLiNN models trained on 10 X, 25 K, 50 K, and 1 M compounds.

analyzed, but no trend was found in terms of the number of
BBs, reactions, or degree of inclusion of their BBs in the train
set. More examples of predicted maps for internal set and
external set DELs are given in Figure 7 and Figure 8. The
Figure S3 in the SI provides additional analysis of the validity
of CoLiNN predictions using KL divergence calculated between
predicted and true responsibility vectors. It shows the distribu-
tion of the KL divergence values for 10 DELs out of 2089 and
10 DELs out of 388.

To see the performance of the global CoLiNN model applied to
the visualization of an ultra-large compound library, it was
tested for prediction of the map of 80 M-sized DEL2568. This
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maps (from the test set) visualized as density landscapes are given below.

FIGURE 7

CoLiNN
DEL2800

120000 ’ 120000
100000 100000
80000 80000
60000 60000
40000 40000
20000 20000
] o

0.97

DEL216
70000 70000
60000 60000
50000 50000
40000 40000

Pl . . oo

20000 20000
10000 10000
o o

0.81

Histograms showing the distribution of Tc(g,)¢’ for either training or test set DELSs.

GTM

Examples of badly and perfectly predicted DEL

CoLiNN

DEL190

30000

20000

15000

10000

5000

0

25000 ‘

30000

25000

20000

15000

10000

5000

0.98

DEL253

- 15000

40000

35000 -

30000

25000

20000

10000

5000

0

40000

- 35000

30000
25000
20000
- 15000
10000

5000

0.95

Density landscapes of four DELs that participated in the training, herein only 990 K compounds absent from the training set were

projected. Landscapes on the left are GTM-produced, the ones on the right were predicted by CoLiNN. DEL216 and DEL190 are 2BB DELs, all
others are 3BB libraries. The values underneath the two maps correspond to the Tc similarity between them.

particular DEL was not a part of 388 DELs used for global
CoLiNN training and validation. The predicted density land-
scape of this DEL2568, shown in Figure 9 mimics very well the
true density landscape produced by the GTM algorithm. Tc

between them is 0.91, showcasing the high accuracy of the
global CoLiNN model for the prediction of even multimillion-
sized combinatorial library maps.
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FIGURE 8 |

GTM CoLiNN
DEL3234
70000 70000
— - -
60000 60000
50000 50000
40000 40000
30000 30000
20000 20000
10000 10000
0 0
0.92
DEL3878
200000 200000
- 175000 - 175000
150000 150000
125000 125000
100000 100000
75000 75000
50000 50000
25000 25000
0 0
0.56

Density landscapes of four external test set DELs that did not participate in CoLiNN training, herein all 1 M compounds per DEL

are projected. Landscapes on the left are GTM-produced, the ones on the right were predicted by CoLiNN. All are 3BB libraries. The values

underneath the two maps correspond to the Tc similarity between them.

Density landscapes of 80M DEL

GTM Global COLiINN
3.5 3.5
- 3.0 - 3.0
25 2.5
2.0 2.0
15 15
1.0 — 1.0
0.5 0.5
0.0 0.0
Tc =0.91

FIGURE 9 |
algorithm. On the right: density landscape predicted by Global CoLiNN.

Notwithstanding, the main idea behind CoLiNN is to predict
correctly the “library chemical space motif” to be able to
accelerate chemical library comparison. Hence, further on we
will look at how well the ranking by similarity of DELs to
ChEMBL (reference database) is preserved when using GTM-
calculated or CoLiNN-predicted maps. For this, we calculated
the Tc(bpgr, Penemps,) based on true GTM responsibilities and
Tc(@ ppr> Ponpvp.) based on responsibilities predicted by CoL-
iNN, their distribution is given in Figure 10a. To compare the
rankings of DELs according to Tc similarity to ChEMBL
obtained either by GTM or CoLiNN, Spearman p and Kendall t
correlation coefficients were used. The two rankings correlate
as reflected by high Spearman p =0.956 and Kendall t=0.828.

Density landscapes of ultra-large DEL2568 containing 80 M compounds. On the left: density landscape calculated using GTM

The correlation between Tc values is also visually apparent
from the joint distribution plot in Figure 10a. However, what is
more important here to look at is the closest DELs to ChEMBL
with Tc=0.2-044. A zoomed joint distribution plot in
Figure 10b shows that there are DELs for which the predicted
similarity diverges from the true similarity. As an example, two
such DELs (DEL532 and DEL1847) highlighted in red on the
plot were analyzed. Their Tc values and density landscapes
calculated using GTM or predicted by CoLiNN are given in
Figure 10d. For comparison purposes, the density landscape for
ChEMBL28 is given in Figure 10c. Their density landscapes
clearly show that CoLiNN did not mispredict the library
chemical space motif - the GTM-calculated map and predicted
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a) Joint distribution plot for all DELs
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b) Joint distribution plot for the most similar DELs to ChREMBL
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d) Density landscapes of two closest DELs to ChEMBL
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FIGURE 10 | a)Joint distribution plot showing the correlation between Tc(¢DEL, ¢ChEMBL) and Tc(¢'DEL, $ChEMBL), as well as individual
Tc distributions on the margins. The brightness represents the density of data points (counts). b) A zoomed version of the joint distribution plot
showing the correlation between Tc(¢DEL, ¢ChEMBL) and Tc(¢'DEL, ¢ChEMBL) for the closest DELs to ChEMBL, two DELs that show less
correlation are highlighted in red. c) Density landscape of ChEMBL28 and a table showing the Tc values for the two highlighted DELs. d) Density
landscapes of the two highlighted DELs, on the left: GTM landscapes, on the right: landscapes predicted by CoLiNN.

one are very similar to each other. These results together
clearly show that density landscapes predicted by CoLiNN
provide almost the same ranking by similarity to a reference
database (here ChEMBL) as true GTM-calculated ones. Such
correspondence between rankings confirmed that there is no
longer the need to enumerate combinatorial libraries to be able
to analyse and compare them with respect to a reference
database — CoLiNN allows to do it without.

4.3 | CoLiNN vs GTM: Calculation Time

CoLiNN was trained on a single GPU of type NVIDIA RTX
A6000, CUDA version 12.2, GPU memory 48 GB. The physical

time needed to train global and local CoLiNN models as well as
the physical prediction time expressed in ms/molecule/GPU
are given in Table 2 below. It should be noted that the major
difference in time between global and local models is due to
the fact that the mixed precision option was used for both
training and inference of the global model. In more detail,
mixed precision training and inference involve using both 16-
bit and 32-bit floating-point types for computation, which can
lead to increased speed and reduced memory usage.

The enumeration, standardization, descriptor calculation and
GTM algorithm launch were performed on a machine powered
by dual Intel Xeon Silver 4214 R CPU at 2.40 GHz, total
number of CPUs being 48. The typical time needed to perform
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TABLE 2 | Physical time spent for training and validation of different CoLiNN models (including calculation of graphs and processing of

building block and reaction indices) as well as total physical prediction time using these models.

Total physical prediction time

Model Total physical training time (ms/molecule/GPU)
Global (388 DELSs): 3 M 880 K cmpds 13h 0.055
Local:1 M cmpds 14h37m 0.124
Local: 50 K cmpds 47m 35s 0.091
Local: 25 K cmpds 23 m 17 sec 0.103
Local: 10 K cmpds 21 m 8 sec 0.103

all these calculations expressed in ms/molecule/CPU is given
in Table 3. All CoLiNN models provide acceleration from 3000
to 7000-fold compared to traditional enumeration-based work-
flow. This shows that CoLiNN represents a better option in
terms of calculation time/precision ratio for ultra-large combi-
natorial chemical space visualization when fragment-based
descriptors and GTM dimensionality reduction methods are
used.

5 | Conclusion

In this work, we present the CoLiNN graph convolutional
network capable to predict GTM cumulated responsibilities
(chemical space population patterns) for combinatorial libra-
ries, without compound enumeration, thereby enabling the
visualization of ultra-large DELs. The ,,global“ CoLiNN model
trained on 388 DELs employing 65 K building blocks and 29
reactions was tested on the 2089 DELs that did not participate
in training but shared BBs and reactions with the training set
libraries. For most of DELs, the predicted projection patterns
have high similarity to the ones generated by the GTM
algorithm. The rankings of DELs according to their similarity
to ChEMBL remained highly consistent when replacing true
DEL projection vectors with those predicted using CoLiNN
(Spearman'’s p=10.956).

The obtained results demonstrate that CoLiNN holds the
potential to become an essential tool for combinatorial
compound library design, as it can efficiently explore the
library design space without requiring compound enumeration.
This can be especially advantageous for DEL technology, where
medicinal chemists must select the most promising design

TABLE 3 | Physical time spent on each step of the traditional
enumeration-based workflow of compound visualization on the GTM.

Physical time

Task (ms/molecule/CPU)
Enumeration using eDesigner* 0.24
Standardization 187.2
Descriptor calculation 207.36
Projection 0.288

Total 395.08

*Runs only on a single process.

from thousands of possibilities. With CoLiNN, different DEL
compositions, based on different sets of building blocks/
reactions can be quickly assessed, providing instant visual-
ization of their chemical space coverage, in order to identify
the best options for DEL design.

These results showcase the high performance of CoLiNN in
predicting the combinatorial chemical space motif projected on
the GTM without compound enumeration. This tool can be
used by medicinal chemists for library design accelerating the
process of testing different building block combinations, visual-
ization of ultra-large combinatorial chemical spaces, etc. The
developed code can be used in combination with any earlier
reported GTM implementation, e.g., the ISIDA/GTM program
[33] used in this work or the open-source ugtm tool by H.
Gaspar [50].

As future development current CoLiNN architecture, the
reactions may be represented by Condensed Graphs of
Reaction [51], extending the application of CoLiNN to new
unseen reactions. Potentially, CoLiNN can be applied to predict
projection using other than GTM dimensionality reduction
methods; this is an object of future investigations. In addition,
prospectively, CoLiNN can be implemented not only for
visualization but for the prediction of any property of
combinatorial compounds, for example, docking score.
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